We use a set of biomarkers to measure inequality of opportunity (IOp) in health in the UK. Applying a direct ex ante IOp approach, we find that inequalities in health attributed to circumstances account for a non-trivial part of the total health variation. For example, observed circumstances account for 20% of the total inequalities in our composite measure of multi-system health risk, allostatic load. Shapley decompositions show that apart from age and gender, education and childhood socioeconomic status are sources of IOp. We propose an extension to the decomposition of ex ante IOp to complement the mean-based approach, analysing the contribution of circumstances across the quantiles of the biomarker distributions. This shows that, for most of the biomarkers, the percentage contribution of socioeconom ic circumstances, relative to differences attributable to age and gender, increases towards the right tail of the biomarker distribution, where health risks are more pronounced.
Introduction
Health inequality has many sources, not all of which are equally objectionable. The existing literature focuses on socio-economic inequalities in health and variations associated with differences in living conditions, access to health care, and health-related lifestyle (e.g., Contoyannis and Jones, 2004; Baum and Ruhm, 2009 ). This literature implicitly suggests a distinction between legitimate and illegitimate inequalities.
Building on Roemer's (1998 Roemer's ( , 2002 influential formalisation of the concept of inequality of opportunity (IOp), the "egalitarian" framework does not necessarily indicate equality of the distribution of outcomes per se but emphasises the role of individual responsibility in defining a "fair" distribution Schokkaert, 2009, 2012; Ramos and Van de Gaer, 2016; Roemer and Trannoy, 2016) .
IOp has influenced the policy agenda in recent years (World Bank, 2005; NHS England, 2017 ) and a growing literature has addressed the measurement of IOp in health (e.g., Fleurbaey and Schokkaert, 2009; Garcia-Gomez et al., 2015; Jones et al., 2012 Jones et al., , 2014 Jusot et al., 2013; Li Donni et al., 2014 , 2015 Rosa Dias, 2009 , 2010 Trannoy et al., 2010) . However, most of the existing studies employ subjective self-reported health. 1 This was recently acknowledged by Carrieri and Jones (2018) , who propose a semiparametric approach to decompose ex post IOp into the direct contribution of efforts and the direct and indirect contribution of circumstances, using blood-based biomarkers in the Health Survey for England. 2 In this study, we use nationally representative UK data (Understanding Society) to provide a comprehensive analysis of ex ante IOp in health and its underlining sources using objective health indicators. We contribute to the literature in a number of ways. First, we use nurse-collected and blood-based biomarkers to measure health: spanning obesity, blood pressure, inflammatory biomarkers, blood glucose and cholesterol. These health measures are more objective than self-reports of health. As well as capturing different dimensions of health they are considered as "secondary" physiological responses to stress, reflecting the process through which adverse circumstances may get "under the skin" Turner et al., 2016) . We use each biomarker separately and we also construct a composite score as a proxy measure of wear and tear on the body; similar composite health measures are often called the allostatic load.
1 Self-reported measures may be subject to significant misreporting, with the reporting bias varying systematically with individual's socioeconomic characteristics, posing significant implications for the robustness of earlier IOp studies (e.g., Bago d' Uva et al. 2008) . Some studies have used mortality as the outcome (Balia and Jones, 2011; Garcia-Gomez et al., 2016) . This avoids the use of self-reported outcomes but it focuses on length rather than quality of life.
2 As will be discussed later, there are two approaches to IOp: the ex-ante and the ex-post approach (eg., Fleurbaey and Schokkaert, 2009; Fleurbaey and Peragine, 2013; Li Donni et al., 2014) . The ex ante approach to IOp is based on the principle that there is equality of opportunity if all individuals face the same opportunity set, prior to their efforts and outcomes being realised. The ex-post approach seeks equality of outcomes among people who have exerted the same degree of effort, regardless of their circumstances.
Second, we use these objective health measures to estimate both absolute measures of the level of IOp and measures that express IOp as a fraction of the overall health inequality.
We adopt the direct ex ante parametric approach proposed by Ferreira and Gignoux (2011) . The advantage of the parametric approach is that, unlike nonparametric tests for IOp (e.g., Lefranc et al., 2009; Rosa Dias, 2009 ), it does not suffer from a curse of dimensionality, due to insufficient sample sizes for social types (groups of people sharing identical circumstances). 3 Moreover, even in the presence of unobserved circumstances, our IOp measures can be interpreted as the lower-bound estimates of overall IOp, i.e., of the inequality due to all circumstances, not only those that are observed (Ferreira and Gignoux, 2011) .
Third, we decompose the direct ex ante measure of IOp in health into its sources. Shapleydecomposition techniques allow us to identify which circumstances are more relevant to shaping IOp in health. Given that age and gender are the main drivers of variations in health, Oaxaca-type decompositions are then used to analyse IOp in health differentials by gender and across the adult lifespan. Our decomposition analysis explores whether these IOp differences are attributed to differences in the distribution of circumstances per se (composition) or to differences in the relationship between circumstances and health (association) across age groups and by gender 4 .
Finally, we relax the assumption of inequality neutrality within types, that is implied by the conventional parametric approach, and extend the literature on the decomposition of ex ante IOp, capitalising on the continuous nature of our health outcomes. We use the recentered influence function (RIF) approach to distributional analysis (Firpo et al., 2009) , to explore how the contribution of circumstances may vary across the distribution of biomarkers. Shapley decompositions are implemented at different quantiles of the biomarker distribution to explore the underlying sources of these inequalities, with a particular focus on the right tails, where clinical concerns are typically focused. We also apply Oaxaca-type decomposition techniques to analyse the contribution of circumstances by gender and age at different biomarker quantiles, spanning the whole distribution of our health measures.
2 Methods Roemer (1998) assumes a responsibility cut by which factors associated with individual attainments can be partitioned into: a) effort factors, for which individuals should be held partially responsible, and b) circumstances which are beyond individuals' control.
3 Maintaining a reasonable number of observations within each social type is a challenging issue given the usual sample sizes of social-science datasets and the relatively large number of circumstances that empirical researchers wish to use to partition the population by types (Ferreira and Gignoux, 2011; Carrieri and Jones, 2018) . 4 For example, it has been shown that the association between education and health may follow heterogeneous patterns by age and gender (e.g., Baum and Ruhm, 2009 ). We extend this literature by exploring whether the observed age and gender differences in IOp in health may be driven by this heterogeneity or whether other sources may be more relevant.
Following the IOp literature (Ferreira and Gignoux, 2011; Jusot et al., 2013; Rosa Dias, 2010; Carrieri and Jones, 2018) , a generalised health production function for the health outcome ( ) for each individual ( ) can be defined as a function of a vector of circumstances ( ) and of efforts ( ). Assuming that circumstances are not affected by efforts, while efforts may be influenced by circumstances (Bourguignon et al., 2007; Ferreira and Gignoux, 2011; Roemer, 1998 Roemer, , 2002 , we can write:
where and are unobserved error terms which capture the random variation in the realised outcomes, sometimes labelled as 'luck' in the IOp literature (Lefranc et al., 2009; Lefranc and Trannoy, 2017) . 5 To be specific, represents random variation in effort that is independent of C and represents random variation in the outcome that is independent of C and E.
In principle, the structural form (1) can be used in an ex post framework to decompose the direct and indirect contribution of circumstances and efforts. Here we adopt an ex ante approach and are interested in measuring overall IOp as a share of total inequality. Then, assuming additive separability and linearity of ℎ(. )and (. ), a linear reduced form can be derived:
where the coefficients reflect the total contribution of circumstances and include both the direct effect of circumstances on health, and the indirect effect of circumstances through efforts.
The ex ante approach to IOp is based on the principle that there is equality of opportunity if all individuals face the same opportunity set regardless of their circumstances and prior to the realisation of effort and the outcomes. The ex ante approach can be implemented empirically using information on observed circumstances and does not require measures of effort. These circumstances are used to measure the opportunity set for each individual (e.g., Fleurbaey and Peragine, 2013; Aaberge et al., 2011) . Two approaches have been adopted to do this:
i. The first uses the mean of outcomes within types, ( | ). This corresponds to the approach suggested by Roemer (1998 Roemer ( , 2002 and has been termed "utilitarian reward". This implies inequality neutrality within types. Jones et al. (2014) note the equivalence between the mean and the area to the left of the distribution function, ( | ), and they 5 In the Roemerian framework, the partial correlations between C and E should also be treated as circumstances, embodying the indirect effect of the unjust circumstances on health that is channelled through effort (see Ferreira and Gignoux, 2011; Rosa Dias, 2009 ). This is embodied in the reduced form coefficients that capture both direct and indirect effects. However, the ethical stance of the Roemer concept is open to debate. Examples of empirical methods to compare the Roemer view with other more liberal perspectives are available elsewhere (Jusot et al., 2013). therefore use this as their criterion for health policy evaluation. This can therefore be considered as a 'mean-based' approach, where equality of opportunity corresponds to equality of mean outcomes across types (e.g., Lefranc et al., 2009; Ferreira and Gignoux, 2011) .
ii. The second approach uses a more general definition that interprets the full type-specific conditional outcome distribution ( | ) as the opportunity set (e.g., Ramos and Van de Gaer, 2016, Lefranc et al., 2009; Lefranc and Trannoy, 2017) . This goes beyond the meanbased approach, focusing on differences in distributions across types, and allows for the possibility of inequality aversion within types such that, for example, more significance is attached to inequalities across types at worse levels of health outcomes. The implications of this second approach are explored using a distributional regression approach that is described below. circumstances, represented by types 1 and 2. The ex ante approach compares the distribution of outcomes conditional on type, as shown in the left -hand panel, and interprets these distributions as the opportunity set for each type . In particular, the mean-based approach focuses on differences in means across types, given by the area to the left of the distribution functions and hence, in this case, shown by the dark shaded area in the right-hand panel. Differences in means is regarded as a weak test for IOp. A stronger test takes account of the shape of the distribution within types and, depending on the degree of inequality aversion within types, may give mo re weight to horizontal differences between the distributions at different levels of the outcome 6 . This motivates our analysis of the contribution of circumstances at different points of the biomarker distribution.
F igure 1. Ex ante IOp and distribution functions. 6 In the context of our application to biomarkers the notion of inequality aversion within types may be motivated by the fact that these are measured in physical units, , which may not correspond to their social value, say ( ). For example, rather than being linear, the function (. ) may give different weight to outcomes above or below the clinical risk thresholds that are associated with some of the biomarkers.
We begin with the mean-based framework. The direct approach, as in Ferreira and Gignoux (2011) , measures inequality in a counterfactual in which all inequalities are attributable to circumstances. This involves defining a smoothed distribution from the distribution of (health) outcomes ( ) and a partition of ( = 1,2. . ) types by replacing each individual health outcome with the relevant type-specific mean ( ) and, then, using inequality indexes to measure IOp (Ferreira and Gignoux, 2011). 7 In practice, the mean-based direct parametric approach to measure ex ante IOp is based on using predictions of ( | ) from the reduced form as the counterfactual outcome:
where ̂ represents the OLS estimates of the coefficients in equation (2) (Checci and Peragine, 2010; Rosa Dias, 2010; Trannoy et al., 2010; Gignoux, 2011, Li Donni et al., 2014; Abatemarco, 2015) . The predicted health outcomes are the same for all individuals with identical circumstances (Ferreira and Gignoux, 2011) .Thus, IOp can be estimated using an inequality measure ( (. )) applied to ̃:
A relative measure of IOp, expressing IOp as a fraction of the overall health inequality ( ( )), can be obtained by:
Following Ferreira and Gignoux (2011), we use the mean logarithmic deviation (MLD) inequality index as our measure of inequality I(.). This is because of its path-independent decomposability properties (Ferreira and Gignoux, 2011; Ramos and Van de Gaer, 2016; Wendelspeiss Chávez Juárez and Soloaga, 2014) . 8 The MLD is zero when there is no inequality, and takes on larger positive values as ill-health is distributed more unequally. It should be explicitly noted here that our analysis does not account for unobserved circumstances that are not available in the dataset. However, it has been shown that 7 The indirect approach (as in, for example, Bourguignon et al., 2007) uses the difference between inequality in actual outcomes and a counterfactual in which there is no IOp, calculated using a reference level of circumstances. We have opted for the direct approach in our analysis. Parametric estimation shows that the direct and indirect approaches result in similar, but not exactly identical, results (Ferreira and Gignoux, 2011) ; this is typical, given the functional form assumptions that are relevant to parametric estimation models. 8 I(.) needs to satisfy the path-independent decomposability axiom in addition to other typical axiomatic properties relevant to the measurement of inequality literature, i.e., symmetry, transfer principle, scale invariance, population replication, and additive decomposability. This restricts the eligible "path-independent decomposable" class of inequality measures to a single measure, the MLD (Ferreira and Gignoux, 2011) . Alternatively, under these axiomatic properties, one may argue for the use of the variance as a measure of inequality. However the MLD is more appropriate, given the ratio-scale nature of our health variables (Wendelspeiss Chávez Juárez and Soloaga, 2014).
equations (4)- (5) can be interpreted at least as the lower-bound estimates of inequality due to all predetermined circumstances (Ferreira and Gignoux, 2011) .
Shapley and Oaxaca Decompositions of IOp
We use the Shapley decomposition to explore the contribution of each of the circumstances to the total IOp in health (Shorrocks, 2013; Wendelspeiss Chávez Juárez and Soloaga, 2014; Fajardo-Gonzalez, 2016) . Specifically, inequality measures (MLD) for all possible permutations of the circumstance variables are estimated and, then, the average marginal effect of each circumstance variable on the total IOp is calculated. 9
Given that age and gender are the main sources of variation in health, we then use an Oaxaca-type decomposition to further analyse gender and age differentials in IOp. 10 This Oaxaca-type decomposition involves two steps (Wendelspeiss Chávez Juárez and Soloaga, 2014): i) we estimate IOp separately for each population sub-group (i.e., by gender and across age groups); ii) counterfactual IOp measures of one population sub-group (e.g., males, if targeting gender differences) are then estimated using the coefficients for circumstances from the other group (females). Comparison of counterfactuals with the original IOp measures allows us to explore whether IOp differences are attributed to differences in the distribution of circumstances (composition) and/or to the heterogeneous relationship between circumstances and health across the lifespan or by gender (association).
Using distributional regressions to relax inequality neutrality within types
The methods described so far measure and decompose overall IOp in health using linear parametric regression specifications and a counterfactual based on the conditional mean.
As noted above, this implies inequality neutrality within types. In our context this may be too restrictive and, for example, we may wish to give greater weight to the contribution of circumstances in the upper tail of the distribution of biomarkers, where individuals are at greater risk of developing chronic health problems.
To assess the implications of relaxing inequality neutrality we pro pose a method of decomposing the contribution of circumstances to the overall IOp at different points in the distribution of the outcome. This makes use of unconditional quantile regression (UQR) based on the RIF approach (Firpo et al., 2009 ) to decompose the contribution of circumstances at specific quantiles of the biomarker distributions.
The RIF method works by providing a linear approximation of the unconditional quantiles of each biomarker. Subsequently, the law of iterated expectations is applied to the approximated quantile and used to estimate the marginal effect of circumstances through 9 The key advantage of the Shapley-decomposition, unlike other decomposition methods, is that it is both path independent and exactly additive, with the different components sum up exactly to the total IOp (Wendelspeiss Chávez Juárez and Soloaga, 2014). 10 A stated by Wendelspeiss Chávez Juárez and Soloaga (2014), the Oaxaca-type decomposition technique works for absolute measures of IOp. For the relative IOp measures such decompositions do not make sense, as the difference might be also due to the total inequality. However, correcting for that would bring us back the case of the absolute measure.
a regression of the RIF on the circumstance variables. The total contribution of circumstances, at each quantile , can be then obtained by:
where are the coefficients at different quantiles and stands for the error term. This is illustrated by Figure 2 , which shows how the RIF regressions aim to capture differences attributable to circumstances at specific quantiles of the distribution, represented here by the horizontal line at the 60 th percentile.
F igure 2. Distributional regressions.
Then the counterfactuals used in the direct approach are given by:
The variation in these fitted values, which capture the role of circumstances since counterfactuals (̃) are the same for all individuals with identical circumstances (in line with the concept of the direct ex ante IOp), can be summarized using an inequality index (here we again use the MLD, as in equation 4). As the RIF equations are additive and linear, the Shapley and Oaxaca-type decompositions can be then applied to this index to explore the contribution of each circumstance variable as well as differentials in their contribution by gender and age at different quantiles of biomarker distribution.
Data
The data come from Understanding Society (UKHLS), a longitudinal, nationally representative study of the UK. We use the General Population Sample (GPS) component of UKHLS, a random sample of the general population. As part of wave 2 (2010-2011), nurse-measured and non-fasted blood-based biomarkers were collected for the GPS. The wave 2 nurse visits included 15,632 respondents, while blood-based biomarkers impose further restrictions on the sample since they require the successful collection and processing of blood samples. 11 Exclusion of missing data on covariates reduces the potential sample to a maximum of 14,068 and 9,005 individuals with valid nurse-collected measurements and blood-based biomarkers, respectively.
Biomarkers
We focus on physical measurements and blood-based biomarkers that are associated with major chronic conditions such as obesity, diabetes and coronary heart disease. Our nursecollected measurements are the waist-to-height ratio (WHR), defined as waist circumference over height, to measure adiposity and systolic blood pressure (SBP). Our blood-based biomarkers reflect 'fat in the blood', 'sugar in the blood' and markers for inflammation. The cholesterol ratio, the ratio of total cholesterol (TC) over high-density lipoprotein (HDL), is our 'fat in the blood' biomarker. Glycated haemoglobin (HbA1c) is a standard diagnostic test for diabetes. C-reactive protein (CRP) is our inflammatory biomarker. CRP rises as part of the immune response to infection and mainly indicates systemic inflammation. We exclude CRP values over 10mg/L, as they may reflect acute rather than chronic infections .
In addition to each of the specific markers, we also combine them in a composite measure, which gives an overall assessment of a respondent's physiological condition. We construct an index of multi-system risk, often called allostatic load (e.g., Davillas and Pudney, 2017) . Specifically, our composite measure combines all six nurse -collected and bloodbased biomarkers considered in our study: WHR, SBP, HbA1c, CRP, TC and HDL cholesterol. HDL cholesterol, considered as the "good" cholesterol, is converted to negative values to reflect ill health, to be consistent with the other biomarkers. We then transform each of these biomarkers into z-scores and sum them (Davillas and Pudney, 2017; Vie et al., 2014) . Since our inequality measure is only defined for positive values of the outcome (Wendelspeiss Chávez Juárez and Soloaga, 2014), the resulting index (A) is rescaled as: a = − min ( ) + 1. Higher values of allostatic load indicate worse health.
Circumstances
The choice of measured circumstance factors follows the recent empirical literature, informed by the normative framework for health equity and the UK policy and legal context (Carrieri and Jones, 2018; Rosa Dias, 2009 , 2010 Jusot et al., 2013) . Our circumstance variables embody the ethical position of the responsibility cut, defining illegitimate sources of health inequality 12 .
Drawing on the socio-legal context in the UK, the Equality Act of 2010 defines protected characteristics that include age, sex and race. We treat sex and age (dummies for 10-year 11 Respondents were eligible for nurse visits if they were aged 16+, lived in England, Wales, or Scotland, and were not pregnant. Blood sample collections were further restricted to those who had no clotting disorders and no history of fits. 12 There is unlikely to be universal agreement on the choice of circumstance variables. An advantage of the parametric approach to decomposition is that, given the assumptions made, the contribution of each of the variables can be identified separately.
intervals between 16 and 75 and a dummy for 75+) as circumstances (Carrieri and Jones, 2018) . 13 Nationality and linguistic background is proxied by a dummy for speaking English at home during childhood.
The Equality Act does not directly encompass socioeconomic status (SES) among its protected characteristics but this has been a concern of the existing literature on IOp. Childhood SES is regarded as an important source of IOp in health, being beyond individual's control and exerting a lasting effect on individual's adult health (Jusot et al., 2013; Rosa Dias, 2009 , 2010 . We use both parental occupational status and education to proxy childhood SES. The occupational status of the respondent's mother and father, when the respondent was aged 14, is measured using two categorical variables (one for each parent) with six categories: not working (reference category), four occupation skill levels and a category for missing data. 14 Given the high correlation between mother's and father's education, we combine them creating a measure capturing the highest parental education level (Kenkel et al., 2006) . This is a five category variable measured as: left school with no/some qualification (reference category), post-school qualification/certificate (e.g., an apprenticeship), degree (university or other higher-education degree) and a missing data category. 15 The legal and policy context in the UK also frames the notion of an age of responsibility. This age varies across different dimensions such as criminal responsibility and age of consent. Young people aged over 18 are treated as an adult by the law. Here we make the normative assumption that the level of secondary schooling achieved by age 18 is beyond individual's responsibility, influenced by parental and environmental factors during individual's earlier life, and therefore individuals' own education constitutes a circumstance (Jones et al., 2012; Carrieri and Jones, 2018) . Education is measured as: no/basic qualification (reference), O-Level, A-Level/post-secondary and degree. Descriptive statistics for circumstances and biomarkers are available in Tables A1 and  A2 (Appendix). We then explore the contribution of each of the circumstances to IOp using the Shapleydecomposition (Figure 3 ). Age and gender (in combination) account for the largest part of the IOp in almost all the biomarkers (except CRP), and age accounts for the dominant contribution; this is in line with literature on the role of age and gender on explaining variations in health (e.g., Baum and Ruhm, 2009 ). Individuals' education and parental occupational status are the second and third sources of IOp, while parental education is the fourth contributor. Respondents' education, parental occupation and parental education account for 12%, 7% and 6% of the total IOp in allostatic load, respectively.
Results

Mean-based measures of ex ante IOp
Given that age and gender are the main sources of variation in health, an Oaxaca-type decomposition is used to explore differentials in the IOp in health between women and men and across age groups to better understand the underlying sources of these differences. IOp in allostatic load is higher for women (MLD=0.0135) than for men (MLD=0.0059). Our counterfactual estimates suggest that these gender differences are mainly due to gender differences in the association between circumstances and allostatic load and to a lesser extent due to differences in the distribution of circumstances. For example, the counterfactual IOp estimate for men using the coefficients on circumstances for women (MLD=0.0127) differs substantially from the original IOp for men (MLD=0.0059) but is much closer to the IOp for women (MLD=0.0135), suggesting that the largest part of the IOp differential can be attributed to gender differences in the coefficients. Table 3 presents the corresponding Oaxaca-type decomposition results of IOp in allostatic load by age group. We find that IOp in allostatic load varies substantially across the adult lifespan, being higher for the 26-35 and 36-45 age groups compared to younger and older ages. These results extend existing evidence, suggesting that cross sectional age-specific health inequalities increase with age up to a limit and then inequality begins to narrow most likely due to the age-as-leveller hypothesis (Baum and Ruhm, 2009; . As before, comparison of the counterfactual with the original IOp values for each age group shows that the observed IOp differences can be mainly attributed to association rather than to compositional differences due to differences in circumstances. 
Distributional analysis of the contribution of circumstances
Unconditional quantile regression (UQR) models are estimated to measure the contribution of measured circumstances across the biomarker distribution and Shapley decomposition analysis is then used to explore the contribution of circumstances at each quantile (Table 4) ; a graphical illustration is presented in Figure A1 (Appendix).
Our results show the presence of systematic variation attributable to circumstances for all health outcomes across the whole distribution (as shown by the MLD indexes). The most striking result from the Shapley decomposition shows that the percentage contribution of socioeconomic circumstances, measured by parental occupation, education and individual's education, increases towards the right tail of the biomarker distribution for most of the biomarkers. For example, the contribution of parental occupation for allostatic load increases from 6% (25 th quantile) to 18.5% (95 th quantile). It is also notable that, in most cases, the relative contribution of age and sex declines, relative to that attributed to socioeconomic factors, in the right hand tails, where individuals are most at risk of health problems. For example, the joint contribution of age and gender for allostatic load at the 25th quantile is 82%, while socioeconomic circumstances (parental occupation, parental education and own education) account for 17%; the corresponding contributions are almost equal (around 50%) at the top quantiles (Q90, Q95). Decomposition by gender and age Figure 4 presents gender differentials in the contribution of circumstances for allostatic load, based on Oaxaca-type decompositions implemented at various quantiles using the RIF method. Figure 2 shows that the gender differentials at different quantiles of the distribution favour men; this echoes the analysis that uses estimates at the mean (Table  2) . However, we find that these gender differentials decrease in magnitude towards the higher quantiles of the distribution of allostatic load, along with the absolute magnitude of the variation in outcomes across circumstances.
F igure 4. Gender differentials in IOp across the distribution of allostatic load. Table 5 presents the corresponding counterfactual decomposition estimates at different quantiles of the allostatic load. These results confirm our previous evidence ( Table 2 ), revealing that, where gender differentials in IOp are evident, these differences can be attributed to differences in association rather than to gender differences in the composition of circumstances. Oaxaca-type decompositions of the contribution of circumstances by age are also implemented across quantiles of the distribution of allostatic load. Figure 5 presents the MLD indexes estimated separately for each age group using the fitted RIF values for each quantile (equation 7). We find that moving to the right tails of the allostatic load distribution, the inverted U-shaped pattern of IOp by age (observed for our "mean-based" IOp analysis; Table 3 ) becomes less evident, with IOp gradually increasing with age. The cumulative advantage hypothesis (e.g., Kim and Durden, 2007) , rather than the age-asleveller, seems to exert the dominant role when the focus is on the right tail of the distribution, suggesting that adverse circumstances and health disadvantages accumulate over time, suggesting a more pronounced role of circumstances in health as people age.
As before, comparison of the counterfactual with the original IOp values for each age group reveals that the observed IOp differences can be mainly attributed to association effects rather than to composition effects due to differences in circumstances (Table A3 , Appendix).
F igure 5. IOp by age groups at different quantiles of allostatic load.
Note: Red line indicates a scale break (y axis).
Conclusions
Using UK nationally representative data we explore ex ante IOp in health and its underlying sources using objective biomarkers. We find that IOp accounts for a non-trivial part of the total variation in health. 
